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Abstract 
Many researches on resident mobility came from traditional data collection methods such as artificial or telephone surveys, 
but those approaches are difficult to update and the results are limited to a certain point in time. In the past few years, some 
innovative approaches have sought to use mobile devices to collect spatiotemporal data. In this paper we analyze spatial-
temporal characteristics of resident mobility in the city of Shenzhen, using a data set captures for a seven-day period of more 
than one million anonymous mobile-phone users. In addition, we propose a method of recognizing the location of 
employment based on this kind of data and then plot an employment distribution map of Shenzhen. This method provides a 
new way to observe the employment distribution in a city. Understanding resident mobility from a city-wide perspective 
could provide researchers with convenience to forecast the traffic demand and take measures to traffic management, and 
could also lead to more informed decision making in both city planning and mass transit planning. 
© 2013 The Authors. Published by Elsevier B.V.  
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1. Introduction
With the growing metropolitan traffic congestion, people begin to realize the traditional traffic development
mode which focus on vehicles is unsustainable in the future, more and more experts pay attention to the mobility 
of residents instead of vehicles, seeking a new way to solve problems such as traffic congestion. Obtaining 
detailed measurements on resident mobility has raised great difficulty in the past. Many researches on resident 
mobility came from traditional data collection methods such as artificial and telephone surveys; however these 
approaches are not only time consuming, but also difficult to update and the results are limited to a certain point 
in time. 
In the past few years, the development of mobile-phone positioning technology enables the access and 
application of mobile-phone positioning data. Compared to traditional survey data, mobile-phone positioning data 
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has several features of cheap, wide cover range and large amount. As a result, mobile-phone positioning has 
become a widely applied traffic information collection technology. 
According to the principle of data collection, mobile-phone positioning data has been divided into three 
categories: The first one is billing data, which is automatically stored in the memory files of mobile operators for 
call activities in the network. Billing data is a kind of passive mobile-phone positioning data, with low cost and 
long interval. The second one is location update and handover data, which is also a kind of passive mobile-phone 
positioning data. Additional equipments are needed to store this data. The third one is LBS (Location Based 
Service) data, which comes from value-added services for individuals in the form of new utilities embedded in 
their personal devices. LBS data is a kind of active mobile-phone positioning data, and an application needs to 
install in personal device, which costs much more than passive data. As billing data has advantages such as 
accessibility and low cost, experts and scholars from all over the world have done a lot of exploration based on 
this kind of data. Rein Ahas et al (2008) from University of Tartu introduce the applicability of passive mobile 
positioning data in studying tourism, the result shows that spatial and temporal preciseness of positioning data is 
higher than regular tourism statistics. Carlo Ratti et al (2006) from Massachusetts Institute of Technology present 
a project named Mobile Landscapes, which is an application in the metropolitan area of Milan city based on the 
geographical mapping of cell phone usage at different times of the day. This result enables a graphic 
representation of the intensity of urban activities and their evolution through space and time. Jonathan Reades et 
al (2007) from University College London develop a real-time representation of dynamics at the city scale using 
the Erlang data collected over four months in Rome city. The research also indicates the relationship between call 
activity intensity and population distribution. Li Xiaopeng et al (2005) from Tsinghua University propose a new 
method to analyze and classify urban activities and traffic properties of urban lands based on mobile-phone data 
in Xiangfan city. 
Existing researches almost have focused on revealing the dynamics of urban activities and analyzing the traffic 
properties of urban lands. Owing to the limitation of accuracy, mobile-phone billing data has rarely been used to 
study the regularity of individual activity. In this paper we analyze the spatial-temporal characteristics of resident 
mobility in the city of Shenzhen, using a data set captures for a seven-day period of more than one million 
anonymous mobile-phone users. In addition, we propose a method of recognizing the location of employment 
based on this kind of data and then plot an employment distribution map of Shenzhen. This method provides a 
new way to observe the employment distribution in a city. 
2. Study area 
The study area is the whole city scale of Shenzhen composed by six districts, including 2,000 square 
kilometers and a population of 10,470,000(in the year of 2011). There are 2983 base stations in the study area. 
Figure 1 shows the distribution of these base stations. 
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Fig. 1. Distribution of base stations in Shenzhen city 
According to the relevant domestic and international research (Arrarwal A & Guibas L J, 1989), we use the 
concept of VDA (Voronoi Diagram Area) to describe the coverage of base station. Each VDA only corresponds 
to one base station, and the size of VDA represents the coverage area of base station, so the study area has been 
divided into 2983 VDAs. Figure 2 shows the voronoi polygons of the study area. 
 
Fig. 2. The voronoi polygons of the study area 
Table 1 shows the basic features of coverage area of base stations, including area, perimeter and radius. 
Table 1. Basic features of coverage area of base stations 
Average area(km2) Average perimeter(km) Average radius(km) 
1.14 3.22 0.42 
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The average coverage radius of base stations in study area above is 0.42 kilometer, hence the coverage density 
is appropriate and the VDA can be used to describe the location of resident’s activity. 
3. Data description 
We use a billing data set for a seven-day period and it records the location, time and user ID when the user has 
a call activity. The location among data indicates the location of base station which is communicating with the 
user. Table 2 shows a sample of billing data. 
Table 2. A sample of billing data 
User ID Date Time Latitude Longitude 
8406077587 2011.04.28 00:02:54 22.525870 114.058790 
6724299346 2011.04.28 00:07:40 22.537806 114.101778 
Table 3 shows the amount of billing data each day. 
Table 3. Amount of billing data each day 
Date Amount 
20110428 7,075,309 
20110501 9,241,420 
20110502 9,139,954 
20110503 9,346,025 
20110507 9,339,419 
20110513 8,520,815 
20110514 5,914,267 
Figure 3 shows the number of active mobile-phone users each day. These are all larger than 1,100,000 and the 
sampling rate is more than 10%, which cannot be achieved by traditional survey methods. 
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Fig. 3. Amount of active mobile-phone users each day 
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2,570,000 users have been recorded in the seven-day period, and among those people, 23% only appear in one 
day, about 50% appear in less than four days, and only 12% appear in all seven days.  
4. Spatial-temporal characteristics of resident mobility 
Since currently the use of mobile-phone is becoming more and more common, a lot of experiments show the 
amount of call activity has a close relationship to the population of active state(corresponding to sleep state) 
within the region (Lin Qun & Guan Zhichao et al, 2010), which can to some extent reflect the traffic demand in 
the area. As a result, we can finally obtain the spatial-temporal characteristics of resident mobility based on 
mobile-phone billing data. 
Figure 4 shows time-varying amount of active mobile-phone users each day. There are two peaks (10:00 to 
12:00 and 18:00 to 20:00) each day and the shapes of these curves are similar. Apparently, the peak of call 
activity is somewhat later than the peak of traffic. 
 
Fig. 4. Time-varying amount of active mobile-phone users each day 
We choose previously mentioned VDA as a basic unit and calculate the density (amount of unit area) of active 
mobile-phone user in each VDA among two typical periods (common period 10:00-11:00 and evening peak 
17:00-18:00) respectively in weekday and weekend. Figure 5 to 8 show the distribution of active mobile-phone 
users. 
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Fig. 5. Distribution of active mobile-phone users (common period in weekday) 
 
Fig. 6. Distribution of active mobile-phone users (peak period in weekday) 
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Fig. 7. Distribution of active mobile-phone users (common period in weekend) 
 
Fig. 8. Distribution of active mobile-phone users (peak period in weekend) 
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Apparently, both in the common period and peak period of weekday, residents have similar gathering area, 
including CBD of Futian district, Shangbu group, Luohu port area, North Shenzhen Railway Station, Baoan 
Airport and the center of Nanshan district. However, the density of active mobile-phone users in peak period is 
significantly higher than common period, which reflects the general regularity of resident mobility in weekday. In 
the common period and peak period of weekend, residents also have similar gathering area, including CBD of 
Futian district, Shangbu Group, Luohu Port area, North Shenzhen Railway Station, Baoan Airport, along the 
Guangzhou-Shenzhen Highway and center of Longgang district. And the density of active mobile-phone users in 
peak period is almost the same with common period, which reflects the stationarity of resident mobility in 
weekend. 
On the other hand, there is large difference between the distribution of residents’ gathering area in weekday 
and weekend. It shows that residents tend to have distinct travel habits in weekend rather than weekday. CBD of 
Futian district, Shangbu Group and Luohu Port area are the center of Shenzhen city, North Shenzhen Railway 
Station and Baoan Airport are both important external transport hubs, so these areas attract residents both in 
weekday and weekend; Nanshan district is the high-tech industrial base of Shenzhen city, so intensive jobs attract 
a large number of residents only in weekday. Residents used to take vacations in weekend, considering 
Guangzhou-Shenzhen Highway is the main channel for external traffic and Longgang district is far away from the 
center of city and full of beautiful scenery, these areas naturally own high density of residents in weekend. 
As a result, based on mobile-phone billing data we can get a better understanding of resident mobility from a 
city-wide perspective, which could provide researchers convenience to forecast the traffic demand and take 
measures to traffic management. 
5. Method of recognizing the location of employment 
A lot of researches show that traffic pattern of a city is always closely related to the aggregation of 
employment. The centralized employment has obvious advantages such as improving the share rate of public 
transit and the efficiency of road system around. Ye Pengyao et al (2010) analyze the traffic patterns and 
employment densities of 53 CBDs all around the world and point out a positive correlation between the utilization 
of public transit and employment density. 
The dispersed employment would not only reduce the accessibility of commuter travel, but increase residents’ 
average travel distance. Accordingly, the dispersed employment is not conductive to the development of effective 
public transit system. The urban form of Atlanta is low-density and multi-center, which minimizes the 
dependence of people on public transit system. Atlanta’s public transit system is only able to cover 7% jobs (Song 
Yan & Ding Chengri, 2005), making personal vehicle the only effective traffic mode. 
Consequently, the employment distribution in a city has a close connection to the efficiency of the traffic 
system. If we could observe the employment distribution in a city, it should be helpful to make more informed 
decision both in city planning and mass transit planning. 
However, as the information of employment in a city is difficult to obtain, the mission of observing the 
employment distribution seems impossible through traditional ways. With advantages described above, the 
mobile-phone billing data provides us a new way to solve this problem. We obtain individual trajectory for 
several days from billing data, and find anchor point where people tend to spend most time in working time. The 
location of employment is finally recognized and the distribution of employment in a city can also be plotted.  
Choose two mobile-phone users randomly, and plot their individual trajectories for seven days as Figure 9 
shown (different color stands for different day). X-axis and y-axis stands for latitude and longitude, z-axis stands 
for seconds of one day. 
2040   Rao Zonghao et al. /  Procedia - Social and Behavioral Sciences  96 ( 2013 )  2032 – 2041 
  
Fig. 9. (a) User A’s trajectory for seven days; (b) User B’s trajectory for seven days 
As Figure 9 shown, while individual trajectory is not completely the same every day, the regularity of 
resident’s activity is obvious and the anchor point is clear in the graph. We propose a method to recognize the 
location of resident as following: 
(1) Generally speaking, employees usually have huge calling demand. We filter out mobile-phone users who 
appear in working hours (8:00-18:00) of weekdays. This group has been regarded as the target group, that is to 
say the working group. 
(2) The first condition: a user of the working group appears in the same VDA every weekday; the second 
condition: a user of the working group has been the VDA described above the most times in whole working hours 
of weekdays. If the two conditions above are simultaneously met, this VDA could be taken as the user’s 
employment location. 
According to the method described above, we recognize the employment locations of active mobile-phone 
users and plot a distribution of employment density map as shown in Figure 10. This graph indicates that 
employment positions in Shenzhen city concentrate in CBD of Futian district, Shangbu Group, Luohu Port area, 
North Shenzhen Railway Station, Nanshan high-tech industrial distict and northwest of Baoan district, which is 
consistent with the actual situation. 
 
Fig. 10. Distribution of employment density of Shenzhen city 
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6. Conclusion 
This paper analyzes spatial-temporal characteristics of resident mobility in the city of Shenzhen, using billing 
data captures for a seven-day period of more than one million anonymous mobile-phone users. In addition, this 
paper proposes a method of recognizing the location of employment based on the regularity of individual 
trajectory and then plots an employment distribution map of Shenzhen. The result indicates employment positions 
in Shenzhen city concentrate in CBD of Futian district, Shangbu Group, Luohu Port area, North Shenzhen 
Railway Station, Nanshan high-tech industrial distict and northwest of Baoan district, which is consistent with the 
actual situation. This method provides a new way to observe the employment distribution in a city. Understanding 
resident mobility from a city-wide perspective could provide researchers convenience to forecast the traffic 
demand and take measures to traffic management, and could also lead to more informed decision making both in 
city planning and mass transit planning. In this paper, we analyze resident mobility only based on active cell 
phone data, so we could only observe partial resident mobility compared to overall resident mobility, and the 
research of potential bias between the two is remain to done in the future. 
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